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U'Im Introduction

Motivation

40

AResearch of hydrodynamic forces on non-spherical particlesis ~ °,

of upmost importance 401

M)'

/ =0

. : : 50720 0~
AMost particles are non-spherical in nature

Aknowledge of forces is critical for determining particle
trajectories

Dispersion of Pollutants

AApplications widely range from biological systems to industrial
processes

 ——

Coal Combustion Q%

AExamples are separation process, coal combustion, and
dispersion of pollutants

‘ Separation Process (cyclone) ‘
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UTM Introduction

Technical background
ANewt onds 2nd Law of Motion for

—_
Q
|=| l

B

AParticle drag determines the movement of particles in particulate
flows

AKey to the modeling and understanding of all phenomena associated
with the momentum, heat and mass transfer to the surroundings in all
particulate processes (e.g., the process in a fluidized bed reactor)
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U'Im Introduction

Technical background (continued)

AThe studies on the non-spherical particle drag in the literature are
very limited

AMost simulation packages currently use the drag models of spherical

particles
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Um Introduction

Non-spherical particles being studied

AEllipsoid, cone, spherocylinder, cube, etc.

An example: Spherocylinder

AA very common shape, very few studies in literature

Uniform flow over a Spherocylinder

AThree Dimensionless Parameters - Inputs

Reynolds Number: YQ ——

Aspect ratio:] —

Incident angle: —

AThree Coefficients - Outputs

Drag coefficient: 0

Lift coefficient: O

Torque coefficient: 0

ceEes

2=

== Uniform flow




UTM Introduction

Numerical Simulations
ADirect Numerical Simulation (DNS) Method
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Normalized Domain Height, H/D
Affect of the domain size to the drag Selection of grid resolution and grid size in the

simulations
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Validations

Introduction

Drag Coefficient of a Sphere
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UI'SA Introduction

General Coefficient of Drag Coefficient

A A general correlation for the drag coefficient was developed
I Aspect Ratio: p T @,
i Orientation Angle:m — T
I Reynolds Number: m® YQ omnm

I Not able to determine accurate correlations for lift and torque
coefficients

Drag coefficient of a spherocylinder

—_ - i}
Cpo = Cpp=oc + (CD,9=0°,90° - CD,9=0°)3”1 6

— e — by = 2.107 + 0.00357+/Re — 0.00304Re.
R =2 - (0.72 — 0.0625)(1 — e~O01Z-000345+0000356% ke ag = 2.460 + 0.203Re — 0.00613Re. 0 + VRe e
a; = —3.461 — 0.324+/Re + 0.00912Re. b, = —3.037 — 0.0487vRe + 0.00575Re.
Cpo=0c = (g + a1B%° + af + azf™° + 0.1542)Cp
a, = 2.957 + 0.151y/Re — 0.00420Re. b, = 2.872 + 0.0605\Re — 0.00388Re.
Cpp=ope = (by + b1B%° + by + b3 + 0.158%)C)y;
as = —1.084 — 0.0252vRe + 0.000699Re. by = —1.070 — 0.0106\Re + 0.000641Re.
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UTSA

Results of General Drag Correlation*

Comparisons of Correlations Drag coefficients for a spherocylinder in
(Drag coefficient at P " and for o ) terms of (< , Re)
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*Fen g e A General and Accurate Correlation for the Drag on Spherocylinderso to be submitted to IJMF, 2023.



U'Im Introduction

Limitations of Correlation Methods

AMainly limited to two variables, very difficult to extend to three
variables

AVery difficult to accurately correlate complex non-linear relationship
AVery sensitive to outliers, leading to skewed inaccurate results
AOverfitting issue, may not perform well when applied to new data

ACannot account for all variables
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Problem Statement

AThe process of determining accurate coefficient of drag, lift, and torque estimates for non-spherical
particles is often time-consuming requiring specialized skill-sets and expensive software

Objective Statement

ATo develop an efficient Multi-Layered Neural Network (MLNN) that accurately predicts the coefficient
of drag, lift, and torque for Spherocylinder particles within Reynolds Numbers ranging from 0.1 7 300,
Aspect Ratios from 1 T 6, and Incident Angles ranging from OAT 90A

ASpecifically, to produce a regression neural network model, that may be loaded into Python, and
enable users to input various Reynolds Numbers, Aspect Ratios, and Incident Angles within the
constraints
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Um Neural Networks

Growth in Artificial Intelligence

AAtrtificial Intelligence (Al) is a branch of computer science that
focuses on simulation of intelligent behavior within computers

AThe field of has experienced a tremendous surge in growth

I Caused by an increase in computational power and increased
data availability

T Global Al market size is expected to reach $309.6 billion by
2026 with a CAGR of 39.7% from 2021 to 2026

AThe amount of data created worldwide is projected to increase
from 64.2 zettabytes in 2020 to 181 zettabytes in 2025

Several Al vendors are
expanding their reach

opportunities in Asia

Pacific, due to the rapid
digital transformation of
multiple countries in the

2=

The global Al market is projected to account for USD 407.0
billion by 2027 growing at a CAGR of 36.2% during the

3 6 . 2 % forecast period

The growth of this mar ketcan The growing demand to
be attributed to the rapid surge E@

of cybersecurity incidents and

access historical datasets to
predict trends is expected to

ransomware attacks acrossthe drive the Al market growth
globe during the COVID-19

North America is expected to
account for the largest

© The increasing need for new use %) market share during the

ﬂ/ﬂ\ﬁﬂ cases for businesses, such as forecast period. The region is
decision support, interactive one of the leaders in
games, and real-time retail technological advancements
recommendation engines, is and is home to major Al

expected to drive the market providers
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Um Neural Networks

Deep Learning Architecture

ADeep Learning and Machine Learning are subfields of Al

AStructure of a simple neural network:

Input layer
Intermediate layers (hidden)

Output layer

ANeural networks serve either classification or regression

applications

Artificial intelligence

Machine learning

Deep learning

/ neuron
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lots of layers ~ “deep learning”
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Um Neural Networks

Artificial Neural Networks

ANeural networks digitally resemble neural activity of the Sigmoid
human brain via activation functions W=
:::111?1(32)
AGoal is to develop a multi-layered network that can be (0,2 o[

trained and tested to recognize unique patterns

AExamples of common neural networks applications

T Convolutional Neural Networks (CNN) for facial
recognition

T Multi-Layered Neural Networks (MLNN) for estimating
real estate property appraisals via non-linear
regression

1 Long-Short Term Memory (LSTM) for future stock
price prediction

combinations of edges object models
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U'Im Methodology t

Approach
ACollect data from team members via DNS study

ALeverage statistical tools for analyzing dataset

51 ¢!

A A !b![,1/29-5-!—0-!->twgtwh/9{

ADetermine if data preprocessing is necessary

|

cwiLb bolwi [ #1[L
{vlLe Sir-=oM "\ oczhwy boe:

ASplit the data into training, testing, and validation sets

ATrain the proposed neural network

AValidate the proposed neural network
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U'Im Methodology

Collect Data

AThe team provided +1200 data points generated via
Direct Numerical Simulations (DNS)

T The simulation was setup with a spherocylinder
particle within a continuous flow

Alnput features (discretized)
T Aspect Ratio, 7: [1.0T 6.0]
i Reynolds Number,4Q [0.17 300]
1 Angle of Incident, P : [OAi 904

AOutput features
I Coefficient of drag, lift, and torque
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